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Introduction
Group decision making (GDM) is a powerful decision tool to deal with complex decision problems in which a single expert may feel difficult to consider all the aspects of the particular decision problem at hand [30, 36, 59] . Numerous GDM models and approaches have been reported to integrate the knowledge and levels of experience associated with a group of experts (e.g., [12, 35, 37] ). Conventional GDM models focus on the problem of obtaining a ranking of a group of feasible alternatives to the decision problem without addressing whether or not a reasonable consensus level among experts can be guaranteed. The consensus reaching process (CRP) is an effective way to assist experts improving the consensus level, which has been widely utilized in the GDM literature [3, 13, 20, 21, 28, 33, 40, 44] .
Traditionally, the CRP is guided by a "hard" consensus measure that only distinguishes between two possible values or degrees: 0 (no consensus or partial consensus) and 1 (full consensus). However, it is very time-consuming, difficult and unnecessary to achieve a full consensus in many practical GDM problems [31] . As a result, the concept of "soft" consensus [2, 5, 6, 9, 11, 27, 69, 73] has been proposed and used widely in a variety of proposed models for CRPs:
(1) CRPs with preference representation formats. For instance, Xu et al. [58] proposed a CRP for GDM with hesitant fuzzy preference relations and discussed its application in water allocation management. Moreover, Xu et al. [61] presented a distance-based CRP for GDM with multiplicative preference relations. Further, Herrera-Viedma et al. [29] , and Choudhury et al. [10] presented several CRPs to deal with GDM with heterogeneous preference representation formats.
Chen et al. [8] provided a survey for CRPs with heterogeneous preference representation formats.
(2) Minimum-cost (or adjustments) based CRPs. Several CRPs based on preserving minimum adjustments or cost have been investigated. Ben-Arieh et al. [4] proposed a CRP model with quadratic cost functions. Moreover, Wu et al. [54] reported a model with a minimum adjustment cost based feedback mechanism for GDM in social networks with distributed linguistic trust information. In addition, a consensus model with minimum cost policy has been investigated by Gong et al. [21] [22] [23] [24] and Zhang et al. [70] .
(3) CRPs driven by consistency and consensus measures. To maintain individual consistency in the consensus building, several approaches for CRPs based on individual consistency and consensus measures have been proposed. For example, Escobar et al. [19] developed a precise consistency consensus matrix-based approach to managing individual consistency and consensus in AHP-GDM. Wu et al. [57] presented an iteration-based approach to address individual consistency and consensus in GDM with multiplicative preference relations. Dong et al. [14] presented an optimization-based CRP model to deal with individual consistency and consensus in GDM under multi-granular unbalanced 2-tuple linguistic preference relations.
(4) CRPs in a dynamic/Web context. Societal and technological trends demand the management of CRPs under dynamic and Web contexts. To address these complex contexts, Pérez et al. [45] proposed a dynamic CRP to manage decision situations in which the set of alternatives 5 the SNA. Then, Section 3 describes the consensus-based MAGDM problem with non-cooperative behaviors and proposes a SNA-based consensus framework. Several types of non-cooperative behaviors are analyzed in Section 4. An illustrative example is provided in Section 5. Following this, simulation and comparison experiments are presented in Section 6. Finally, concluding remarks are drawn in Section 7.
Social network analysis
SNA (Social network analysis) has emerged as a key technique in modern sociology, and it focuses on the relationships between social entities such as families, corporations or nations [51] .
The existing SNA foundations and methodologies to model social trust relationships among a group of individuals (or experts), have proved their usefulness upon their adoption in several GDM approaches [35, 52, 53, 55] .
The structure of the social network
Three elements are included in a social network: the set of actors, the relations themselves, and the actor attributes, which are described in Table 1 . The following three representation schemes are often adopted to describe the main elements in a social network:
(1) Graph theoretic: the social network is characterized as a graph in which nodes are connected by directed lines. In the graph, ij ee → signifies that expert i e directly trusts expert j e . (3) Algebraic: this notation allows to distinguish several distinct relations and represent combinations of relations. e R e , 13 e R e , 15 e R e 23 e R e , 34 e R e , 41 e R e 52 e R e , 54 e R e However, the above sociometric represents a binary relation among social entities (i.e. either there is total trust or no trust at all), which is not be suitable to model uncertainty in trust relationship representation in a social network [55] . To overcome this problem, this paper adopts one type of social networks, namely social trust network in which the users explicitly express their opinion about other users as trust degrees that vary between 0 and 1. In this situation, the 6 sociometric in a social trust network is called fuzzy sociometric, which is formally defined below. For notation simplicity, fuzzy sociometric will be herein referred to as sociometric in the paper.
Example 1:
The trust relationships across a group of six experts are represented in direct graph form as in Table 1 
Trust propagation in the social trust network
In a social trust network, some experts may not be able to provide a trust value on a specific expert directly. In this case, the sociometric associated with the social trust network is incomplete. This is illustrated in Fig. 1 (a) . In this figure, three experts are included, and there is no direct trust value between expert 1 e and 3 e . However, some information on whether or not expert 1 e can trust expert 3 e can still be inferred, based on transitivity. Therefore, it is necessary to design a mechanism to analyze whether an unknown expert can be trusted or not. Victor et al. [50] proposed a trust propagation approach based on t-norms to estimate unknown trust values in the sociometric, which will be adopted in this paper.
Before formally presenting the trust propagation method, some concepts regarding triangular norms are introduced.
A function T :
is called a triangular norm (t-norm for short) if and only if it is commutative, associative, monotonic and satisfies the following boundary conditions ( , 1)
T x x
= , x  . In the following, we use the Einstein product as the t-norm: 12 12 12 ( , ) 1 (1 ) (1 ) In Eq. (1), there are only two arguments. By taking n arguments into account, the following t-norm is considered: 
aa T a a aa
Example 2: In Fig. 1 (b), we consider that 23 0.95 s = and 12 0.9 s = . Then, the trust degree from expert 1 e to 3 e can be calculated as 13 12 23 ( , ) (0.9, 0.95) 0.851 s T s s T
Trust aggregation in the social trust network
In some situations, there may be multiple trust paths between two experts. This is demonstrated in Fig. 2 , in which there exist two trust paths from expert 1 e to 3 e : (1) 12 { , , ..., } N ij ij ij s s s , a representative trust value sij is obtained by aggregating the N existing trust degrees between si and sj. The Ordered Weighted Averaging (OWA) operator [65] has been widely adopted in the aggregation processes underlying GDM problems, which allows to flexibly reflect different (Optimistic/Pessimistic) aggregation attitudes. Without loss of generality, the OWA operator is utilized to calculate the aggregated trust value from expert i e to j e : In [66] , a widely known approach was presented to determine the OWA weights 12 ( , ,..., ) T
A quantifier-guided method based on the use of linguistic quantifiers Q and proposed by Yager in [67] , is adopted in this work. The weights i  are computed by the following 8 formula:
where () Qc can be represented as 0 , ,
The linguistic quantifiers all, most, at least half and as many as possible, are often utilized in the literature. Their parameters a are 0, 0.3, 0, and 0.5, respectively; and their parameters b are 1, 0.8, 0.5, and 1, respectively.
Example 3:
Suppose that six experts 1 2 6 { , , ..., } e e e established a number of social trust relationships with each other, as illustrated in Fig. 2 , with the following sociometric S : Fig. 2 , there is at least one trust path between every pair of experts. However, some pairs of experts are not directly connected. In other words, the sociometric associated with Fig. 2 
Obviously, the larger () k Ce value indicates the higher importance degree of expert k e , as a result of a higher overall degree of trust in k e by the rest of experts in the group. Following this idea, the weight of expert k e can be defined as below. 
The consensus reaching framework based on social network analysis
This section presents a model for supporting CRPs in MAGDM problems under the presence of non-cooperative behaviors, along with its integration into a resolution framework based on SNA.
Consensus reaching problem with non-cooperative behaviors
As noted in Section 1, there may exist a great deal of non-cooperative behaviors in CRPs.
Here, we introduce a consensus reaching problem with non-cooperative behaviors in MAGDM context.
In MAGDM, a set of experts 12 { , , ..., } In a CRP, the non-cooperative behaviors may be utilized by some experts to pursue their interests, which will influence the consensus efficiency. Our interest in the MAGDM decision framework considered is, consequently, to assist experts to obtain a consensual collective solution under the presence (and adverse effects) of such non-cooperative behaviors.
Proposed consensus reaching framework
Two processes (or models) are frequently utilized for solving GDM problems [10, 29] :
consensus process and selection process. The consensus process is often employed to assist experts to achieve the predefined consensus level, and the selection process is dedicated to produce a collective ranking of the alternatives according to the preferences provided by the experts. Inspired by these two processes, the self-management mechanism for coping with non-cooperative behaviors reported by Dong et al. [18] , and the consensus framework based on the trust relationship among experts presented by Wu et al. [55] , we propose a novel consensus reaching framework: SNA-based consensus reaching framework, that comprehensively integrates behavior management and social trust information in the decision process. The implementation of the SNA-based consensus reaching framework deals with a four-stage procedure, whose main stages are graphically presented in Fig. 3 .
(1) Generating the experts' weights from a social trust network
In this process, the weights of experts are generated from the social trust network. In the initial round (i.e.,
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Weights of experts methods have been reported (e.g., [9, 25] ) to calculate the level of consensus in the CRP. Here, we utilize the consensus measure proposed in [42] . The basic idea of this consensus measure method is that we first compute the similarity levels between each pair of experts regarding their preference values or assessments. Then, a consensus matrix is calculated by aggregating these obtained similarity levels. Based on the consensus matrix, the consensus levels on the preference values, the consensus levels on alternatives, and the group consensus level can be generated. 
Let () ij n l CM cm  = be the consensus matrix, where ij cm is the collective consensus level regarding the preference value ij v , and it is computed by: [42] ).
Based on ()
ij n n CM cm  = , the consensus levels are defined at three levels:
(a) Consensus level on the preference value The three preference similarity matrices ( 
Then, the consensus matrix 33 () ij CM cm  = can be generated. For example, 11 cm can be computed by: 3)  12  11  13  11  23  11  11  12 13 23
Similarly, we can obtain (ii) Feedback adjustment 13 If the predefined consensus level among experts is not achieved, the feedback adjustment process is employed to assist experts to update their decision matrices for increasing the consensus level among experts. The core idea of the feedback adjustment process is to obtain and provide the group decision matrix, which is obtained from the individual decision matrices using a weighted averaging aggregation operator, to experts to reconsider constructing new decision matrices.
can be yielded as follows:
When
, it is generally advised that the experts adjust their assessments so as to bring them closer to the collective preference, i.e.: Using Eq. (12) obtains the group decision matrix, which is provided in Table 3 . 
Simultaneously, the results from the non-cooperative behaviors analysis module (described in detail in Section 4) are provided for experts to modify their trust values regarding other experts. In particular, if an expert adopts non-cooperative behavior(s), then other experts will decrease the trust values with respect to this expert.
(3) Non-cooperative behavior analysis
In this stage, the behaviors of experts upon the preference adjustment via feedback are analyzed. The results of the behavior analysis are subsequently provided for experts to modify their trust relationships before a new consensus round is initiated. In particular, if an expert is deemed as adopting non-cooperative behavior(s), other experts are suggested to decrease the trust values of this expert in the social trust network.
The detailed process to analyze non-cooperative behaviors is provided in section 4.
(4) Selection process
Once the predefined consensus level among experts is reached, the selection process is conducted to generate the final collective ranking of alternatives.
be a decision matrix. Applying the weighted averaging (WA) operator to fuse all the preference values in the ith row of () ij n l Vv
, the evaluation value of the alternative i x ,
where 
In addition, the preference ordering derived from () k V is denoted as ( )
, which will be used for detecting some types of non-cooperative behaviors. . Further, the preference ordering over the three alternatives is produced, that is
In the following, we present a flowchart and an algorithm to describe the SNA-based CRP. 
Output: The adjusted decision matrices Step 1:
Applying the trust propagation and aggregation method, we can estimate the unknown trust values, and they are used as references for constructing complete sociometric.
The complete sociometric is denoted as ( )
Step 2: Apply Eq. (8) to generate the experts' weights
Step 3: Using Eq. (11) 
, experts are advised to adjust their preferences, such that
Step 5: The non-cooperative behavior analysis module is conducted to analyze the behaviors of the experts. Based on this, experts update their trust relationships. As a result, a new sociometric is constructed, which is denoted as ( 1) ( 
Non-cooperative behavior analysis
In the CRP, it is common that some experts adopt non-cooperative behaviors to further their own interests. In this section, several common non-cooperative behaviors of experts are analyzed in detail. be the collective decision matrix in consensus round z . In the following, we define three types of non-cooperative behaviors: dishonest, disobedient, and divergent behaviors.
(1) Dishonest behavior
In the CRP, it is not unusual that some experts will give opinions or preferences regarding alternatives dishonestly. In particular, the evaluation on the alternatives that are preferred by the group may be systematically decreased by an expert in the CRP, which is a common dishonest behavior.
The basic idea to identify a dishonest behavior is below:
The most preferred alternatives of the group are firstly identified. Then, the similarity level between each individual and the group is calculated regarding these identified alternatives. If the similarity level of an expert is small enough, then this expert exhibits a dishonest behavior.
Following this idea, the dishonest behavior is formally defined below. 
Clearly, 
.
In this example, if we set 1 0.5  = , we will infer that expert 1 e shows a dishonest behavior because (1, ) 11 z NS   , because despite having updated preferences towards the collective opinion, the least preferred alternatives by the group have been adjusted more strongly. This intuitively affects the updated preference ordering O (1,z) .
(2) Disobedient behavior To achieve the predefined consensus level among experts, experts are required to change their preferences or opinions according to the suggestions generated from the feedback adjustment process. However, to pursue their interests, some experts may modify their preferences or opinions to a very low extent, or even in the opposite direction as recommended. In this paper, this type of behavior is referred as disobedient behavior.
The basic idea to identify a disobedient behavior is below:
Firstly, the actual adjustment distance of each expert in the CRP is computed. Then, the total adjustment distance of each expert to achieve a full consensus is generated. Next, the adjustment proportion to which each expert changes his/her opinions and shifts them closer to consensus, based on the suggestion received, is produced. If the adjustment proportion of an expert is smaller than an expected minimum value, then this expert exhibits a disobedient behavior.
In the following, we formally define disobedient behavior. Let We assume that expert 1 e provides the adjusted decision matrix (1, ) z V as follows: Here, if we set 2 0.5  = , we will infer that expert 1 e moderately exhibits a disobedient 19 behavior pattern, because (1, ) 22 z NS   .
(3) Divergent behavior
In the CRP, experts' preferences or opinions will achieve a consensus if they change their decision matrices according to the suggestion of feedback adjustment. However, an expert's decision matrix may diverge from the remainder of the experts. In this paper, this type of behavior is referred as divergent behavior.
The basic idea to define divergent behavior is below:
The distances between all pairs of experts are computed. If the distance between two experts is small enough, then they are considered as neighbors. Following this, the neighbors of each expert can be identified. If an individual has fewer neighbors, that is to say, the proportion of his/her neighbors is too small, then this expert exhibits divergent behavior.
In the following, we formally define divergent behavior. Table 9 . It should be noted that in some situations, an expert may have multiple types of non-cooperative behaviors, and in this situation our consensus reaching framework is still valid to effectively identify and manage such behaviors.
Illustrative example
To show the applicability of the SNA-based consensus reaching framework in a real-life MAGDM problem, an illustrative example is provided in this section. In this example, we assume that a set of eight experts Table 13 : Decision matrices (7) V and (8) 
In this example, we set 0.9  = . In the following, we use the proposed consensus reaching 22 model to help the eight experts achieve a consensus.
(1) In the initial stage of the CRP, the trust propagation and aggregation method presented in section 2 is adopted to help experts produce a complete sociometric, CS , from S . Meanwhile, the weight vector of the eights experts, 1 2 8 ( , ,..., ) T     = , is generated from CS . Further, the consent level among the eight experts, cl , is yielded. If the consensus level is acceptable, the selection process is used to help experts obtain the preference ordering of the four alternatives, otherwise, the first round of the CRP is initiated.
(i) Generating complete sociometric
In the trust aggregation process, the OWA operator with the linguistic quantifier "most" is used to fuse the trust values in different trust paths, and the trust paths with the length larger than or equal to 4 are not taken into account. By using the trust propagation and aggregation method, , which is 0.66 cl = .
Due to 0.66 cl  = , the first consensus round is initiated to assist experts to achieve a consensus.
(2) First consensus round
In the first consensus round, the feedback suggestions for decision matrices modifying are yielded. Based on them, the new decision matrices ( , 1) k V associated with () k V ( 1, 2,. ..,8) k = are provided. Moreover, in this consensus round, the sociometric remains unchanged. Following this, the consensus level among the eight experts is measured. If the consensus level is acceptable, the selection process is used to help experts obtain the preference ordering of alternatives, otherwise, the second round of the CRP is activated.
(i) Feedback process for decision matrices modifying
The group decision matrix, () group V , can be generated using Eq. (12), which is listed in Table   14 . Table 19 . Table  20 : When providing ( , 2) k V , we suggest that: ( ,2)
The adjusted decision matrices ( Finally, the selection process is adopted to find the collective ranking of alternatives, that is
x
x x x f f f .
Simulation and comparison analysis
This section presents several simulation and comparison experiments to investigate the efficiency of the SNA-based CRP for dealing with the non-cooperative behaviors.
The design of simulation methods
In simulation methods, the initial multiple attribute decision matrices and sociometric associated with the social trust network are randomly generated. Then, we take them as the input of the proposed CRP, based on which we can obtain the consensus success ratio ( P ), the consensus rounds ( Z ), and the adjusted distance of experts' multiple attribute decision matrices ( AD ). We devise three simulation methods (i.e., simulation methods I-III) in the following. The three simulation methods are based on a natural hypothesis: if an expert is inferred as adopting non-cooperative behavior(s), the trust values towards her/him in the social trust network shall 27 decreased by other experts.
(1) Simulation experiment I
The basic idea of Simulation method I is provided below:
If the expert k e is deduced as using the dishonest behavior in the CRP, then based on the above hypothesis, other experts h e ( hk  ) will decrease the trust values to expert k e . Simulation method I is described in Table 25 . otherwise, continue with the next step.
Step 5: If 0 z = , then let ( 
The design of comparison methods
In the proposed SNA-based consensus reaching framework, the experts' weights generated from the social trust network are dynamically updated and embedded into the CRP. However, in traditional CRPs with the social trust network (e.g., [53, 55] ), the experts' weights keep unchanged throughout the CRP. In particular, we omit Steps 6, 6-A, and 6-B from Simulation methods I-III , which yields three new methods denominated as Simulation methods I*-III* based on the traditional CRPs with social trust networks, respectively. Based on this, the consensus efficiency of the proposed SNA-based consensus reaching framework and the traditional CRPs under a social trust network will be compared.
Simulation and comparison results
Here, the simulation and comparison results are presented.
Simulation method I, we fix max 5 z = , 6 n = , 5 l = , 0.3
 =
, and 0.9
Then, we set different input parameters m , 1  ,  , and g , and we run simulation method I 1000 times to produce the average values of P , Z and AD , respectively. The average P , z and AD value, respectively, reflect the success ratio, the number of rounds required for achieving the established consensus level, and the amount of preference adjustment required in the simulation experiment. The average values of P , z and AD , for Simulation method I under different 30 input parameters, are listed in Table 26 . 
In Simulation method II, we set max 5 z = , 6 n = , 5 l = , and 0.9
We then run simulation method II 1000 times under different input parameters m , 2  ,  , and g to get the average values of P , Z and AD , which are listed in Table 27 . 
In Simulation method III, the parameters are fixed as max 5 z = , 6 n = , 5 l = , 0.28  = , and 0.9  = . When setting different input parameters m , 3  ,  , and g for Simulation method III, we run simulation method III 1000 times to obtain the average values of P , Z and AD , which are listed in Table 28 . Table 28 : Average values of P , Z and AD in Simulation method III (1) The SNA-based consensus reaching framework can manage dishonest, disobedient, and divergent behaviors effectively when setting different parameters. Generally, the consensus success ratios are 1 in most cases, and 2-3 consensus rounds are often required to reach the predefined consensus level. Moreover, the adjustment distances are 0.2-0.4 in most cases.
(2) With the increase of the proportion of the experts who take non-cooperative behaviors, the consensus success ratios have the tendency to decrease, and the consensus rounds increase alongside the preference adjustment distances. This implies that the effectiveness of the proposed consensus reaching framework for coping with non-cooperative behaviors varies, depending on the proportion of the experts who take non-cooperative behaviors in the group.
(3) When the values of 1  , 2  and 3  increase or  value increases, the average values of P increase, and the average values of Z decrease. These observations imply that the success ratio of reaching the predefined consensus level will be improved and the speed to reach the predefined consensus level will be accelerated when using a relaxed criterion to infer the non-cooperative behaviors or applying a strong penalty.
(4) There are higher consensus success ratios in the SNA-based consensus reaching with non-cooperative behaviors management framework than in the traditional CRP with social trust network, which indicates that the SNA-based consensus reaching framework can increase the success ratio of achieving the predefined consensus level under the presence of non-cooperative behaviors, by effectively dealing with them.
(5) The average consensus rounds in the SNA-based consensus framework with non-cooperative behaviors management are lower than those in the traditional CRP approaches under social trust networks, which means that the proposed consensus framework can accelerate the speed of convergence to achieve the predefined consensus level. 33 (6) The adjustment distances in the proposed SNA-based consensus reaching framework with non-cooperative behavior management are lower than those in the traditional CRP with social trust network, which implies that the proposed SNA-based consensus reaching framework can decrease the preference information loss by dealing with the non-cooperative behaviors.
Conclusion
In this study, we investigated the non-cooperative behaviors in the CRP in the MAGDM context, and proposed a consensus reaching framework based on SNA to manage different patterns of non-cooperative behaviors exhibited by participants in the process of building consensus. The main motivations and resulting contributions of this study are summarized below.
(1) In the CRP, the trust relationships among experts play a key role, which will influence the decision results. However, the trust relationships are rarely considered by existing CRP models.
By taking the trust relationships among experts into account, we developed a SNA-based consensus reaching framework, which can provide a better approximation to real decision situations in which there exist diverse relationships among participants.
(2) The behavior analysis module is designed in the SNA-based consensus framework, and the analysis results are provided for experts to modify their trust values in the social trust network.
Meanwhile, a mechanism to dynamically generate experts' weights from the social trust network is presented, and subsequently embedded into the consensus model.
(3) We define several common patterns of non-cooperative behaviors, namely dishonest, disobedient, and divergent behaviors. Likewise, we devise several simulation and comparison experiments to verify the efficiency and validity of the SNA-based framework for coping with diverse non-cooperative behaviors in the CRP, by weighting experts based on social trust information.
Meanwhile, two interesting research directions are pointed out for future work:
(1) In real word CRPs, the preferences of experts are often formed in a complex interpersonal environment where preferences are liable to change due to social influences [7] . We believe that it will be very interesting in future research to incorporate the impact of social influence on the evaluation of experts' preferences in the SNA-based consensus reaching framework.
(2) The large-scale GDM has become a hot research topic along with the development of technology and society [37, 71, 72] . In future research, we plan to design a SNA-based approach to cope with non-cooperative behaviors in a large-scale GDM, in which a larger and more complex sociometric structure would be present.
